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ABSTRACT: Silver perch Bairdiella chrysoura is a seasonally abundant fish in lower Chesapeake
Bay seagrass habitats. Young-of-the-year fish recruit to these habitats in June and rear for the
remainder of the summer before migrating to deeper habitats in the Bay and offshore as seawater
cools in the fall. This species has been shown to be abundant in seagrass habitats, yet like many
fishes in these habitats, little is known about its growth and production, and thus the contribution
of this habitat type to overall production. We developed a bioenergetics model to estimate individual silver perch growth and calibrated this model using field-collected size data. Abundance data
were used to develop a generalized additive model for predicting abundance over the simulation
period (15 June to 15 October). We used the individual-based model output and estimated abundances to calculate total production. The calibrated bioenergetics model showed silver perch
growth of approximately 0.19 g d−1 for total growth of 23.2 g over the simulation period. Peak
abundance occurred in July with estimated values of 0.2 ind. m−2. The highest biomass was
observed shortly after peak abundance. Total production for silver perch was estimated to be
22.9 g m−2 in the seagrass habitats measured. With an estimated 8100 ha of seagrass habitat in the
lower Chesapeake Bay in 2010, silver perch contribute a considerable amount of biomass production. As an annually migrating species, silver perch export in excess of 7400 t of biomass to the
near-coastal ecosystem, providing a trophic subsidy from seagrass habitats via trophic transfer.
KEY WORDS: Seagrass · Trophic transfer · Secondary production · Fish habitat · Ecosystem
subsidy · Bairdiella chrysoura · Bioenergetics
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Fish growth and production are of interest in the
context of ecosystem functioning and fisheries management. For young-of-the-year (YOY) fishes, rapid
growth is believed to be of paramount importance in
reducing mortality, leading to strong year-classes
and increased fisheries production (Houde 1987,
1989, Sogard 1997). In estuaries, where dynamic
environmental conditions impact growth of fish larvae and juveniles, it is thought that newly recruited
individuals reside in habitats that maximize the ratio

of growth to mortality (Werner & Gilliam 1984, Sogard 1992, Beck et al. 2001, Craig et al. 2006, Grol et
al. 2014). For this reason, many YOY fishes have
been shown to prefer structured habitats, such as
seagrasses and oyster reefs, to unstructured habitats
(Orth et al. 1984, Mattila et al. 1999, Heck et al.
2003). While food availability is one factor accounting for the high densities of fishes and decapods in
seagrass beds (Ryer 1987, Virnstein & Howard 1987,
Fredette et al. 1990), many species are thought to
rely on the habitat for refuge from predation instead,
invoking a trade-off between growth and mortality.
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For example, results of a field growth experiment for
Gobiosoma bosci demonstrated that some fish sacrificed growth potential by residing in seagrass beds,
which afforded predation refuge due to their structural complexity (Sogard 1992). Thus, high densities
of finfishes in seagrass habitats may be due in
part to their function as a refuge (Gillanders 2006,
Froeschke & Stunz 2012), especially for juvenile
fishes subject to high predation mortality. As such,
these habitats have been shown to be important rearing habitats for many species of fishes, yet little is
known about how production from these habitats
supports nearby coastal ecosystems.
Resource managers are interested in the value of
habitats, both in terms of economics (Costanza et al.
1997, Barbier et al. 2011, Liquete et al. 2013) and in
terms of biological needs and reference points for
species or guilds (Seitz et al. 2014). Despite this management interest, the value of a particular habitat to
a given species or to production of a guild has not
been well described for many regions and species,
especially for fishes in open marine systems. However, recent studies have shown that seagrassproduced fish biomass can subsidize offshore fish
populations extensively when fish migrate from the
habitat (Nelson et al. 2012, 2013). While there is evidence that seagrass habitats are used extensively by
fishes, the overall contribution to production and
population viability is less explicit (Heck et al. 2003,
Jones 2014). In Chesapeake Bay, little is known
about how seagrass habitats influence the growth
and production of fishes — which are often YOY individuals or smaller fishes of little commercial importance — using seagrasses for rearing (but see Smith
et al. 2008). Additionally, recent warm summers in
this region have led to die-offs of the dominant seagrass species Zostera marina (Moore & Jarvis 2008),
and the impacts of such large-scale habitat loss to
YOY fishes and to greater coastal fish populations
are unknown.
In the lower Chesapeake Bay, silver perch Bairdiella chrysoura (Lacépède) is a numerically abundant sciaenid found in seagrass habitats during the
summer months (Orth & Heck 1980, Schaffler et al.
2013, Sobocinski et al. 2013). Silver perch recruit to
these habitats in late June, reside throughout the
warm summer months, and migrate to deeper habitats in September as the water cools. This life-history
pattern is exhibited by many sciaenid fishes in
Chesapeake Bay, in large part because the Bay experiences relatively cold winter water temperatures
(0 to 5°C). While much work has been done on the
feeding and morphology of silver perch (Chao &

Musick 1977, Brooks 1985, Waggy et al. 2007) less
information exists regarding growth, survival, and
migration. Being abundant along the Atlantic and
Gulf of Mexico coasts, silver perch has been shown to
be a prey species for a number of large fishes and
mammals, including bluefish Pomatomus saltatrix,
spotted seatrout Cynoscion nebulosus, summer
flounder Paralichthys dentatus, sharks, and dolphins
(Allen et al. 2001, Ellis & Musick 2007, K. L. Sobocinski unpubl. data), potentially contributing to energy
transfer between shallow seagrass habitats and
deeper estuarine and marine waters. Thus, as a
model species for seagrass habitat use, understanding the growth, abundance, and mortality of silver
perch in these habitats is important for understanding the value of seagrasses in terms of fish production
and the role this species and the habitat type play
within the larger Bay food web.
Determining growth can be challenging in both
field and laboratory settings. Fish movement and the
difficulty of recapturing the same individual make
observing growth in the field difficult (but see Laslett
et al. 2004). Similarly, tracking a cohort through time
can be problematic when fish are sequential spawners and differentiation between cohorts is unclear;
difficulties also arise toward the end of the growth
period, where differential growth will expectedly
lead to greater variation in the observed lengths
(Rooker & Holt 1997). Feeding and growth studies in
the lab are also troublesome, as replicating the
dynamic environmental and foraging conditions of
an estuary is challenging, and external factors that
influence predation (e.g. competition, predation) are
often omitted from the laboratory set-up. Thus, a
modeling approach is one solution, whereby lab and
field data can be combined to arrive at a more accurate picture of fish growth.
Bioenergetics modeling uses a mass-balance approach based on the balanced energy equation from
Winberg (1956), where growth is only possible once
costs of metabolism have been met. Bioenergetics
models have been successfully applied to model fish
feeding and growth (Kitchell et al. 1977, Hartman &
Brandt 1995a,b, Hanson et al. 1997). Sub-equations
for consumption and metabolic costs, which relate to
fish size and ambient temperature, aid in modeling
growth, given that temperature is often a controlling
factor for fish physiology (Fry 1971). Depending on
the question of interest, the equation can be reorganized to model consumption with growth as an input
(Kitchell et al. 1977, Hanson et al. 1997). Sensitivity
analysis of bioenergetics models have shown that
they generally provide robust estimates of fish
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growth and consumption (Stewart et al. 1983, Luo &
Brandt 1993, Hartman & Brandt 1995a,b). Furthermore, bioenergetics models can be particularly useful when scaled to populations (Luo & Brandt 1993,
Latour et al. 2003), thus taking advantage of available field data on abundance.
Given the abundance of silver perch in seagrass
habitats in the estuary and their evident seasonal
growth, a better understanding of their energetic
requirements, resource demands, and overall production enables an estimation of the value of seagrass habitats in terms of biomass production for this
species. Using silver perch as a model species, we
aimed to (1) develop a working bioenergetics model
with which to estimate growth; (2) use observations
of fish size from the field to calibrate our bioenergetics model; (3) test model sensitivity to parameter
values, feeding intensity, and temperature; and (4)
estimate overall production using field-based abundance estimates from a representative seagrass bed
to make inferences regarding habitat productivity for
consumers such as silver perch. We combined the
individual-based model (bioenergetics model) with
models of abundance to assure field-based measurements of growth were realistic, given the potential
for individuals from multiple cohorts being collected
on one sampling date. We expected silver perch
would have comparable first-year growth rates to
sympatric species exhibiting similar life history strategies, such as spot Leiostomus xanthurus (Pacheco
1962) and weakfish Cynoscion regalis (Hartman &
Brandt 1995b). However, as silver
perch show greater habitat preference
for seagrass beds, they more directly
connect production to this specific
habitat type. The combination of fieldbased analysis and modeling in this
study serves to portray a representative picture of the production of juvenile silver perch in an important juvenile habitat.
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peake Bay seagrass beds: Browns Bay, Goodwin
Island, and Pepper Creek (Fig. 1). The Goodwin
Island site is within the Chesapeake Bay National
Estuarine Research Reserve (NERR), and was chosen
in part for the availability of complementary continuous water quality data, including water temperature.

Field collection
To describe abundance of silver perch, fishes were
captured using a 4.9 m otter trawl towed from a
shallow-draft vessel, during high tides both day and
night from May to September 2010. Samples were
collected biweekly at each site, with higher sampling
frequency during peak abundance. Each tow was
2 min in duration with 6 replicate tows taken at each
site on each sampling day, and each tow was nonoverlapping. Tow length, boat speed-over-ground
and direction were recorded with a high precision
GPS unit (Trimble GeoXT 2005 Series) to allow for
estimation of area swept. Therefore, relative abundance was defined as density, in numbers of fish per
area swept, per tow.
Fish were brought onboard and identified, enumerated, and a subset measured (total length, TL) in the
field before being released back to the water. A
smaller subset of fish was put on ice and taken back to
the lab for further analysis, including length measurement, wet weight measurement, and stomach extraction for later gut-content analysis. Data were entered
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Study sites
All fieldwork was conducted in the
polyhaline region near the mouth of
the York River in lower Chesapeake
Bay, USA. Silver perch abundance
and distribution data were collected at
3 sites representative of lower Chesa-
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Fig. 1. General study area at the mouth of the York River in Chesapeake Bay,
Virginia, USA (inset) and study sites and seagrass coverage from the Virginia
Institute of Marine Science (VIMS) Submerged Aquatic Vegetation Program
for 2010
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on field datasheets and transferred into a spreadsheet
once in the lab. All input field data were checked for
accuracy by a second researcher. To generate biomass
data for the fish collected, a length−weight regression
was developed for the silver perch from this study using the subset of fish that were measured in the lab.
This relationship was based upon 2010 YOY fishes
only (e.g. starting in June with fish that were < 30 mm
TL). This relationship was used for conversions between length and biomass.
Water quality parameters, including temperature
(°C), dissolved oxygen (mg l−1), and salinity (ppt),
were measured once from mid-water in between
trawls at a given site on a sampling day. Additionally,
daily means were compiled from the Virginia Estuarine and Coastal Observing System (VECOS) autonomous sensor CHE019.38, located at the Goodwin
Island NERR site (http://web2.vims.edu/vecos/). Data
collected at the time of fish sampling were compared
to the VECOS sensor data to ensure those measurements were representative.

Bioenergetics model
To address our questions related to individual YOY
growth, we used the Wisconsin bioenergetics model
(Kitchell et al. 1977, Hewett & Johnson 1992, Hanson
et al. 1997) as a framework. The ‘Wisconsin Model’
utilizes a mass-balance approach that has been
widely used to model consumption and/or growth of
fishes under various environmental conditions (Hanson et al. 1997). While this model has been used for
modeling applications for several species in Chesapeake Bay, such as bay anchovy Anchoa mitchilli
(Luo & Brandt 1993), striped bass Morone saxatilis,
bluefish and weakfish (Hartman & Brandt 1995a),
and Atlantic croaker Micropogonias undulatus (Nye
2008), it has not been used for silver perch, although
earlier laboratory work on energy utilization of silver
perch formed the basis of our model (Brooks 1985).
The bioenergetics model is based on an energy
budget where specific growth rate, dB/B dt is modeled as:
dB
= C − (R + F + U )
B dt

(1)

where B is the biomass of the fish (typically in g wet
wt), t the model time step (typically 1 d), C is consumption, R is respiration, F is egestion, and U is excretion. Using previous studies of silver perch feeding and metabolic processes (Adams 1976, Brooks
1985, Ayala-Pérez et al. 2006, Grammer et al. 2009)

along with bioenergetics models for similar species,
life history stages, and habitats (Kitchell et al. 1977,
Hartman & Brandt 1995a, Madon et al. 2001, Stevens
et al. 2006, Nye 2008), we compiled data for parameterizing the model. All model (descriptions and values) are provided in Table 1.

Consumption
C (g g–1 d–1) was modeled as a function of fish
weight (W, g), temperature (°C), and feeding, where:
C = Cmax × ƒ(TC) × p

(2)

Cmax = CA × W CB

(3)

and
The term Cmax relates maximum consumption to body
mass at the optimum temperature. C is the actual consumption rate and is defined as the maximum consumption adjusted by a temperature function, ƒ(TC),
and the proportion ( p) of maximum consumption realized in the field (0 < p < 1), where p is a proxy for food
availability. CA and CB are the intercept and slope of
the allometric mass function, respectively. We used
the consumption temperature function for warmwater fishes (consumption Eq. 2 in Hanson et al. 1997):
ƒ(TC) = V X × e[X (1 − V )]

(4)

V = (CTM − T ) / (CTM − CTO)

(5)

Z = ln(CQ) × (CTM − CTO)

(6)

Y = ln(CQ) × (CTM − CTO + 2)

(7)

X = {Z × [1 + (1 + 40 / Y ) ] } / 400

(8)

where

2

0.5 2

and CQ is an approximation of the rate at which the
function increases with temperature (Q10), CTO is the
temperature of optimal consumption, and CTM is the
temperature above which consumption ceases. Daily
mean temperatures from the Goodwin Island field
site were used as input. We used data on ration for
different weights of silver perch (2, 6, and 13 g) at
varying temperatures (20, 24, and 28°C) from Brooks
(1985) and adjusted the CA and CB parameters to
correspond with the lab-observed optimal and maximum rations from that study. We estimated CTM
because we lacked lab data for consumption above
28°C, but fish 20 to 200 mm at 34 to 37°C reached
LD50 after 3 h (Pattillo et al. 1997 and references
therein). Thus, we set CTM to 32°C, presuming that
consumption would cease well before lethal temperatures were experienced (Elliott & Persson 1978);
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Table 1. Bioenergetics model parameters for silver perch Bairdiella chrysoura
Parameter

Description

Parameter value

Consumption (C ) (g g−1 d−1)
CA
CB
CQ
CTO
CTM

Intercept for maximum consumption
Exponent for maximum consumption
Slope for consumption temperature-dependence function
Optimum temperature for consumption
Maximum temperature for consumption

0.3
−0.25
1.78
27
32

Respiration (R) (g O2 g−1 d−1)
RA
RB
RQ
ACT
SDA

Intercept for standard respiration
Exponent for standard respiration
Slope for respiration temperature-dependence function
Activity multiplier
Specific dynamic action coefficient

0.0016
−0.2
0.08
1.25
0.172

Egestion (F ) and excretion (U )
FA
UA

Proportion of consumed food egested
Proportion of assimilated food excreted

0.117
0.06

Caloric densities (J g−1 wet weight)
Conversion of 1 g O2 to J
O2 Conversion
Predator energy
J = 3910.3 × W 0.1431, where W = wet weight in g
density (PED)
Prey energy density
Predator size; diet
< 0.25 g; mainly copepods
0.25−1 g; mixed copepods, amphipods, mysids
1−10 g; mixed mysids, amphipods, shrimp
>10 g; mixed mysids, shrimp, amphipods, fish
Temperatures (°C)
Min. = 23.2, max. = 30.3, mean = 27.0

13556
W = 0.1 g, PED = 2800 J g−1
W = 12 g, PED = 5600 J g−1
2900 J g−1
3600 J g−1
4000 J g−1
4500 J g−1

32°C was the maximum temperature experienced by
fish in the field during our study.

The other respiration component consists of the
equation including specific dynamic action (SDA),
defined to be the cost associated with processing
food:

Respiration

S = SDA × (C − F )
−1

−1

The respiration term R (g O2 g fish d ) was modeled as a function of wet weight and temperature,
where an exponential relationship describes the temperature dependence:
R = RA × W RB × e(RQ× T ) × ACT

(9)

In this equation, RA and RB are the intercept and
slope of the relationship between fish body weight (W
in g wet weight) and the standard respiration rate
(Table 1). The temperature dependence function e(RQ × T)
uses RQ as an approximation of Q10 and daily temperature (respiration Eq. 1 in Hanson et al. 1997). ACT is
an activity coefficient that accounts for fish movement.
This value has been set to 1 when fish swimming
speed is constant (Kitchell et al. 1977, Hanson et al.
1997), but is likely between 1 and 3 for most standardenergy-demand fishes. We set this value to 1.25, 25%
above the standard level (Madon et al. 2001).

(10)

The quantity S was estimated as SDA multiplied by
consumption minus the specific egestion rate (F, g g−1
d−1, see next section).

Waste losses
Both egestion rate and excretion rate (U ) were
modeled as constant proportions of consumption and
assimilation, respectively:
F = FA × C

(11)

U = UA × (C − F )

(12)

Both FA and UA (the proportion of food egested and
excreted, respectively) for the silver perch model were
based on Brooks (1985) and are similar to values used
in other models (Hartman & Brandt 1995a, Madon et
al. 2001).
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Energy density

Sensitivity analyses

Model calculations are typically made in energy
units (J or calories) with resulting estimates converted to mass (g wet weight; Ney 1993). As such, 2
other important components of the model are the
energy densities (J g–1) for both the predator (silver
perch) and prey. The predator energy density was
modeled as a function of fish weight, as it has been
shown to increase with fish size (Hartman & Brandt
1995c). We used values reported by Wuenschel et al.
(2006) and Hartman & Brandt (1995c) to arrive at a
relationship for silver perch energy density (J) and
wet weight:

Bioenergetics models have been shown to be most
sensitive to components of the consumption and respiration equations (Bartell et al. 1986), and we selected parameters from these equations (CA, CB, RA,
RB, RQ) for manipulations to understand model sensitivity. We used individual parameter perturbations to
investigate parameter sensitivity (Kitchell et al. 1977,
Bartell et al. 1986). We followed the rationale in
Bartell et al. (1986) for levels of disturbance, using coefficients of variation (CVs) of 2, 10, and 20% for the
variation added to each parameter. Each parameter
was manipulated individually by drawing a random
value from a normal distribution centered on the
nominal parameter values in the model (e.g. CA = 0.3,
mean = 0.3). We conducted 1000 simulations and collected the modeled daily growth and input parameter
values for each run. The mean squared error (MSE)
across all simulations, using the calibrated model (see
below) as the observed and the simulation run as the
predicted value, was used to rank the sensitivity of
the permuted parameters, with parameters with
higher MSE being deemed more sensitive.
We conducted an additional error analysis to assess
the sensitivity of the model to values for the p term,
which has been shown to strongly influence model
behavior (Bartell et al. 1986). Permuted values were
drawn from a normal distribution centered on the
nominal value for each day, as in the parameter perturbation, with the same 3 levels of variation. In addition to evaluating differences in growth with the varying levels of added error, we used the output from the
error analysis to determine how production would
change, given the growth observed with varying levels of p. Thus, variation in growth was propagated
through the production estimations using the values
for the upper and lower confidence limits for growth.
This analysis showed how model uncertainty would
influence our calculations of overall production.
Because temperature is so important to fish physiology, we applied the calibrated bioenergetics model
(see below) to estimate how an increase in seawater
temperature of 1°C impacted fish growth. This magnitude of increase in water temperature has been observed in Chesapeake Bay over recent decades (Najjar et al. 2010, Sobocinski et al. 2013) and the
warming trend is not expected to reverse. While silver
perch is a warm-water species, the metabolic costs of
increasing water temperature are likely to impact
growth and/or consumption. We added 1°C to the
2010 temperatures we used in model development
and estimated fish growth under the revised tempera-

Energy density = 3910.3 × W 0.1431

(13)

Energy density of 5650 J g−1 was previously reported
(Brooks 1985), which corresponds to a 13 g fish using
our relationship.
Prey energy density was determined by diet analysis undertaken as part of this study in conjunction
with energy density values for prey items reported
elsewhere (Cummins & Wuycheck 1971, Luo &
Brandt 1993, Hartman & Brandt 1995b). We analyzed
the diets of 75 silver perch ranging in size from 22 to
146 mm (TL). Of those, 13 had empty stomachs and
the remaining individuals (n = 62) were found to consume a variety of prey from gammarid amphipods to
fishes, with mysid shrimp being the most common
prey type. Previous studies (Chao & Musick 1977,
Brooks 1985, Waggy et al. 2007) have shown 3 basic
feeding guilds: < 40 mm TL fish, copepods and
amphipods; 40 to 70 mm TL, mysids and crangon
shrimp; and > 70 mm TL, diverse diet of invertebrates
and fishes. Using multivariate analysis (non-metric
multidimensional scaling [NMDS] and ANOSIM for
exploration of group differences) we found the fish in
our study followed similar feeding patterns, with the
exception of fish between 70 and 90 mm TL continuing to eat primarily mysids and shifting to a predominately fish diet once greater than 90 mm TL. We
based our prey energy densities on these feeding
guilds for specific fish weight, using the length−
weight regression developed in this study.
Temperature inputs to the model were the daily
means from the VECOS sensor near Goodwin Island.
The output from the bioenergetics model was an estimate of growth over the summer season for an individual silver perch. The simulation period (122 d)
spanned the time of silver perch residence in seagrass habitats, roughly 15 June to 15 October based
on 3 yr of observational field data (Sobocinski et al.
2013, K. L. Sobocinski unpubl. data).
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ture regime using the calibrated model to determine
growth sensitivity to increasing temperature.

Observed data analysis
Growth
To calibrate the bioenergetics model, we compared
the model output (fish growth) to observed data from
field collections. To this end, all length data (those
measured in the field and those measured in the lab)
and the associated collection dates were assembled.
Histograms of length frequency for each sampling
date, daily modes, existing life history and growth
information, and plots of densities, weights, and
lengths were used to define a probable cohort from
each field site. We broke the dataset down by site for
this analysis, as movement among sites is unlikely;
once settled, it is thought that silver perch remain in
a juvenile habitat for the duration of the season
(Rooker et al. 1998). The cohorts for each site were
used in developing field-based growth models. Fish
of spawning size appeared in the catch dataset in
May and early June, but these individuals were rare
after that time. Thus, catches from late June through
September were comprised almost entirely of YOY
individuals (K. L. Sobocinski pers. obs.).
We developed linear (Weight ~ Date), exponential
[Weight ~ a × exp(Date × b)], and Gompertz {Weight
~ a × exp[b × exp(Date × c)]} growth models for each
site and for all sites combined. In all models, fish
weight (g) was the response variable. All modeling
was done using functions ‘lm’ (for linear regressions)
and ‘nls’ (for exponential and Gompertz fits) in R (R
Development Core Team 2013). Akaike’s information
criterion (AIC) was used to select the best fitting
model (Burnham & Anderson 2002). We used plots of
residuals for model validation and to address
assumptions using the diagnostics in the ‘nlstools’
package. A predicted growth trajectory was developed for the 122 d simulation period, based on the
best fitting model. We evaluated site models and did
not find evidence of statistical differences among
sites, but we noted increased variance at later dates.
We thus generated an overall model from pooled site
data as a representative case.
The observed growth model was then compared to
bioenergetics output. We first used a visual comparison of estimated growth to determine gross differences between the models. We then generated sums
of squares for the observed minus the predicted
growth and minimized this value by optimizing p in
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the bioenergetics model to reproduce the fit of the observed data. The parameter p is suitable for optimization because it is highly sensitive and it cannot easily
be measured directly in the field (Bartell et al. 1986).
Our model exploration showed that growth over the
model period varied considerably with differing values of p, from negligible growth at p = 0.2 (constant) to
unrealistic growth for this species (60 g over 122 d)
with p = 0.8 (constant). We first ran the optimization
unconstrained to assess overall fit. We then constrained the model to acceptable input values for p (0 < p <
1). By optimizing p to meet observed growth, we were
able to assess the validity of the base bioenergetics
model growth estimate. We then calibrated the model
to the field data using the adjusted values for p. This
calibrated model became the working model.

Abundance estimates
We modeled fish abundance over the summer season, based on our field data collection, using generalized additive models (GAMs). GAMs allow for a flexible modeling approach where non-linearities in the
relationships between response and explanatory
variables exist. Responses can be modeled with both
a parametric component (equivalent to generalized
linear modeling) and also with a non-parametric
component, which relies on smoothing functions for
covariates (Wood 2006, Zuur et al. 2009, Zuur 2013).
These relationships are driven by the data and not by
a priori assumptions of relationships among the response and predictor, which in this case appeared to
be quadratic in nature based upon exploration with
generalized linear models (Zuur et al. 2009).
The ‘gam’ function in ‘mgcv’ package in R (R Development Core Team 2013) was used for all GAM
modeling. The ‘gam’ function estimates the optimal
smoothed relationship in model fitting. Effective degrees of freedom (‘edf’) is a calibration tool to determine the shape of the curve, where a value of 1 indicates a straight line and a value of 10 a highly
non-linear pattern (Zuur 2013). The smoothers used
in this application were thin plate regression splines
for all parameters except date, where we used a
cubic regression spline to account for similarities between the endpoints (Zuur 2013). The models were
fitted using the ‘GCV.Cp’ method and best models
were re-estimated by ‘REML’ to check for stability.
In all cases, the response variable was the logtransformed density of silver perch (no. m−2) and the
predictor variables of interest were date (modeled as
day of the year, DOY), site (3 sampling sites), and the
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water quality parameters temperature, salinity, and
dissolved oxygen. The full model form was:
Densityi = a + b1site + s1(date) +
s2(temperature) + s3(salinity) +

(14)

s4(dissolved oxygen) × εi
This model includes an intercept (a), the coefficient
(b1) for the Site term, which was specified as a factor,
smoothers (sn) on all other predictor variables, and the
error term (ε), which is assumed to be independent
and identically distributed (Zuur et al. 2009). Collinearity among the predictors was assessed with coplots and by plotting Pearson residuals (Zuur 2013),
and best models were checked for overdispersion.
Generalized cross-validation (GCV), a leave-one-out
procedure designed to measure error, provided an
additional evaluation of model fit and validity (Ciannelli et al. 2008) and is integrated within the ‘gam’
function in ‘mgcv’ package in R (R Development Core
Team 2013). We used AIC for model selection and
present model forms, AIC scores, GCV scores, and
the amount of deviance explained (analogous to r2)
for the models. We collected fitted values for the simulation period and retransformed the logged prediction values using a bias correction for lognormal distributions. These values were used as estimates of
abundance for each DOY

other studies, many of which have not explicitly
accounted for gear inefficiencies or may have used
different gear types (e.g. Rooker et al. 1998). Additional calculations assumed gear efficiency to be 0.25
based upon the work of Kjelson & Johnson (1978),
which improves the realism of our density estimates
for our gear type, habitat, and species.
Additionally, instantaneous mortality was estimated using catch curve analysis (Chapman & Robson 1960, Simpfendorfer et al. 2005). Daily means of
catch data (counts) were log transformed and the
fully recruited age was determined. We then estimated the slope of the descending limb of the curve
using linear regression. This approach is considered
longitudinal catch curve analysis, where a cohort is
followed across the growing season rather than
across years, as is customary. In this analysis, the
slope coefficient for the linear regression is equal to
Z, instantaneous mortality. Since YOY silver perch
are not subjected to fishing mortality, we assumed
Z = M, where M is natural mortality. This analysis
assumes constant mortality across the time period,
and a closed population — both of which may be violated, so our results represent a rough estimate of
daily instantaneous mortality for YOY silver perch.

RESULTS
Estimation of silver perch production

Bioenergetics model

To estimate seasonal production, we used the bioenergetics model output for individual fish biomass (g
in wet weight) in conjunction with estimates of abundance (density; no. fish m−2) for each simulation day.
The product of these 2 values is the estimated
biomass (g m−2) of the local population. As with the
bioenergetics modeling, 15 June (DOY = 166) to 15
October (DOY = 288) was the period of interest for estimating abundance, which corresponded to the time
period of silver perch recruitment to the seagrass
habitat and their subsequent growth.
We used the general equation Bt = (catcht × A) / e,
where biomass (B) at time t is equal to catch at time t
multiplied by the total area (A) divided by the gear
efficiency (e). Catch was defined as the number of
fish per area swept per day (density) multiplied by
the estimated biomass of an individual fish on the
same day from the bioenergetics model, with resulting units of g m−2. Initially, efficiency was assumed
to be 1, which likely represents a significant underestimate given known gear inefficiencies (Rozas &
Minello 1997), but resulting values are comparable to

Once constructed, the base bioenergetics model
( p = 0.5 and all other parameter values as listed in
Table 1) produced individual fish growth of approximately 5 g over the growing season, with a start
weight of 0.1 g and an ending weight of just over
5.0 g (Fig. 2). Specific growth rate (g g−1 d−1) was variable, especially during shifts in prey base (associated
with variable diet inputs based on weight, as in
Table 1), but generally declined with fish growth
(Fig. 2, second axis). Specific growth averaged 3%
body weight d−1 over the simulation period (min. = 0,
max. = 8%). The gross conversion efficiency (change
in biomass [g] / consumption, [g]) was 0.21. Consumption ranged from 10 to 26% body weight d−1,
with a mean of 15% body weight d−1; smaller fish ate
a higher ration. As temperatures were within the
optimal range for consumption during the model
period, the temperature dependence function for
consumption ranged between 0.8 and 1.0 with a
mean of 0.96. As such, C (i.e. consumption) was most
influenced by p, rather than fluctuations in consumption based upon temperature.
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Fig. 2. Base silver perch bioenergetics model growth over
the model simulation period. Solid black curve shows
growth; dotted gray line shows specific growth. This output
is for the base (uncalibrated) bioenergetics model, with
parameter values as per Table 1 and p = 0.5

Losses (respiration, digestion, egestion, and excretion) accounted for about 75% of daily consumption,
with fish becoming more efficient with size. Respiration (excluding SDA) was the largest loss component and accounted for about half of the total daily
loss, followed by SDA, egestion, and excretion, in
descending order. Brett (1979) noted that nonrespiratory losses (digestion, excretion, and egestion)
totaled 35 to 40% for carnivorous fishes; our average
value of 32% is slightly below this benchmark, but
still reasonable.
The model output was highly sensitive to the value
of p, although when random stochasticity was added,
the model was resilient to perturbation and growth
was similar to the base model run. When p was held
constant, values less than 0.24 resulted in model
failure (negative growth). Additionally, field observations indicated that the bioenergetics modelpredicted growth of 5 g was low relative to the size of
fish we collected late in the season (which were over
15 g). Adjusting p to 0.6 generated output that more
closely resembled field observations.

Field data
During the summer of 2010, we collected over 2300
silver perch from 187 trawls. Length measurements
were taken on 1900 fish, and length−weight measurements were recorded for 267 individuals. The
length−weight regression for all biomass conversions
(TL and wet weight) was:
W = 0.0000135 × L2.99

(15)

with sizes ranging from 22 to 132 mm TL. Peak abundance occurred around 7 July (DOY = 188), with a
mean of 120 ind. tow−1 (averaged across all tows on
that date), or 0.9 ind. m−2, and remained at high
abundances for approximately 2 wk. This catch was
comprised almost entirely of newly recruited YOY
fish (~30 mm TL), and subsequent sampling events
showed declining abundances of YOY fish.
For the field-based weight-over-time growth models, the Gompertz model was the best fitting model
(Table 2). While the model generally fitted the data
well during the earlier dates, there was more variation in the residuals and deviance from the fitted
model at the later dates (Fig. 3). This pattern is not
unexpected, given variable growth rates among individuals and the difficulty distinguishing a strictly
defined cohort in later time periods. Also, observed
growth did not appear to reach a plateau (Fig. 3), and
as such, there was higher uncertainty in the estimated asymptote of the Gompertz function.

Model calibration
We used the estimated growth from the Gompertz
model to fit the base bioenergetics model by adjusting consumption via the p term. The unconstrained
optimization resulted in several values >1, but most
were between 0.5 and 0.8, suggesting that the bioen-

Table 2. Model output for field-based growth estimates of silver perch for overall models. Models were fit to weight data for a
cohort in lower Chesapeake Bay by day of the year. Model selection was made by Akaike’s information criterion (AIC), with
the Gompertz model having the best fit
Model
Linear
Weight ~ Date
Exponential
Weight ~ a × exp(Date × b)
Gompertz
Weight ~ a × exp[b × exp(Date × c)]

AIC

5150
5147
5115

Parameter values/coefficients

Standard error

Intercept

Slope

Intercept

Slope

−24.427
a
0.983
a
46.073

0.137
b
0.031
b
−4.99

−25.23
a
0.072
a
18.632

29.7
b
0.001
b
0.269

c
−0.016

c
0.003
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Fig. 3. Gompertz growth model for silver perch from Chesapeake Bay field-observed growth data. See Table 2 for
model equation
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ergetics model fit the growth model from field observations fairly well, with adjustments to p. When the p
term was constrained (0 < p < 1) in the optimization,
the values ranged from 0.43 to 0.82, with a mean of
0.65 and standard deviation of 0.13 (Fig. 4). Total
growth was 23.2 g over the 122 d model period,
which results in daily instantaneous growth (G)
equal to 0.05 over the model period.
For the calibrated bioenergetics model, we evaluated output relating to growth, consumption, and
losses (Table 3). Mean consumption was 14.5% body
weight d−1 and a range of 6 to 38% (0.04 to 1.5 g). The
smaller fish ate the greatest proportion of their body

weight, with values eventually dropping to 6%
towards the end of the simulation period. While consumption of 38% of body weight seems high, the
overall range and pattern fit with that reported previously in a laboratory setting (Brooks 1985) and with
theory (Brett 1979). It is possible that the prey energy
density of 2900 J g−1 for the smaller fish (eating copepods) is low, resulting in very high consumption rates
needed to achieve the fitted growth. Total consumption over the 122 d growing period was 92.5 g. The
gross conversion efficiency (growth per gram of consumption) ranged from 0.14 to 0.50, with a mean of
0.28. Conversion efficiency declined as the fish grew.
The mean value is high compared to those reported
for other YOY fish (Hartman & Brandt 1995b), but our
estimates only represent the growing season and
would be reduced by annualized calculations.
Related to consumption, we explored the sensitivity of the calibrated model to prey energy density,
given diverse diets. A diet of prey with a constant
energy density of 2900 J g−1 resulted in poor growth,
less than 1.5 g across the simulation period, while a
diet of prey with 3500 J g−1 resulted in growth of
7.2 g, and a diet of 4500 J g−1 achieved growth of
19.7 g. For comparison, varying the prey energy density as a function of weight (with fish consuming
more energy-dense prey as they grow following our
diet analysis) resulted in the observed base growth
rate of approximately 0.19 g d−1, or 23.2 g over the
model period. Incorporating variable prey energy
densities based on actual diets improved the realism
of the model.
Losses accounted for an average of 67% of consumption, with a maximum value of 79% and minimum value of 54%. Respiration accounted for more
than half of the loss term over the simulation period,
although values were variable by day, ranging from
41 to 59%. Unlike the consumption terms, which varied with fish size, losses tended to be relatively stable
across the range of growth. Losses attributable to
digestion, excretion, and egestion were approximately 32%, as in the base model.

120

Simulation day
Fig. 4. Silver perch bioenergetics model fitted to Chesapeake Bay field data. Black solid line: base bioenergetics
model output, where p = 0.5. Gray solid line: observed individual fish weight from Gompertz growth model fitted to
field data. Dotted black line: bioenergetics model output
once fitted to the observed curve (calibrated model). Dashed
light gray line: the proportionality parameter (p) as it varied
through time (second y-axis); the mean value of p for the
calibrated model was 0.65

Sensitivity analyses
The individual parameter perturbation showed RQ
and CA to be the most sensitive parameters, although rank order varied by level of disturbance,
with RQ being most sensitive at 2 and 20% CV, and
CA most prone to prediction error at 10%. RB was
the least sensitive parameter of those analyzed, with
CB also seemingly stable when perturbed. RA was
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Table 3. Comparison of the base, calibrated, and temperature-manipulated silver perch bioenergetics models. Mean values
are averages across the 122 d simulation period; ranges are the minimum and maximum during the same period. C = Consumption; R = respiration; F = egestion; U = excretion; p = proportion of maximum consumption; S = coefficient for specific
dynamic action; G = growth; GCE = Growth conversion efficiency
Base

Temperature (°C)
Weight (g)
p
Cmax (g g−1 d−1)
ƒ(TC)
C (g g−1 d−1)
C (g d−1)
C (J d−1)
R (g g−1 d−1)
R (J g−1 d−1)
R (J d−1)
S
F
U
Non-respiratory losses (J d−1)
Losses (J d−1)
Net energy (J d−1)
Prey energy density (J g−1)
Predator energy density (J g−1)
Growth (g d−1)
GCE (G/C )
Specific growth (g g−1 d−1)
Total growth (g)

Calibrated
Range

Mean

Range

Mean

26.97
1.39
0.50
0.32
0.96
0.15
0.17
666.01
0.02
252.00
271.68
0.02
0.02
0.01
214.34
486.04
179.97
3680.33
3867.80
0.04
0.21
0.03
4.91

(23.22, 30.25)
(0.1, 5.01)
(0.5, 0.5)
(0.2, 0.53)
(0.77, 1)
(0.1, 0.26)
(0.03, 0.49)
(78.0, 1944.8)
(0.01, 0.03)
(127.3, 390.6)
(30.4, 670)
(0.01, 0.04)
(0.01, 0.03)
(0.01, 0.01)
(25.1, 625.9)
(55.5, 1275)
(−2.21, 670)
(2900, 4000)
(2829, 4925)
(0, 0.14)
(−0.01, 0.33)
(0, 0.08)

26.97
8.62
0.65
0.22
0.96
0.14
0.76
3253.35
0.01
183.06
1190.04
0.02
0.02
0.01
1047.09
2237.15
1016.21
4085.25
4954.38
0.19
0.28
0.05
23.20

intermediate among the group. During model development, we found RQ to be particularly sensitive,
probably due to the exponential nature of the relationship for respiration.
Perturbations of the p parameter produced little
change in overall growth when error with 2 and 10%
CV was added (naïve 95% confidence intervals for
2% = 22.4−24.2 g, for 10% = 21.2−25.4 g; calibrated
model growth was 23.2 g for reference). When error
of 20% CV was added, the range of growth values
increased, with a confidence interval of 19.0−27.8 g.
These values are reasonable given field observations
and represent less than a 20% change from the calibrated growth of 23.2 g, suggesting that error is not
magnified by the growth model. So, while the model
is sensitive to input values for p, even with considerable variation in feeding proportions, the model
produces reasonable growth. Given that ecological
conditions can be highly variable in time and space
and the true value of p is unknown, we used the
results from the 20% CV simulations to inform our
calculations of potential production (see ‘Production
estimates’).
The temperature perturbation showed that a 1°
increase in water temperature can have a consider-

(23.22, 30.25)
(0.1, 22.81)
(0.43, 0.82)
(0.14, 0.53)
(0.77, 1)
(0.06, 0.38)
(0.04, 1.51)
(114.7, 6816.6)
(0.01, 0.02)
(93.8, 306.3)
(30.4, 2399)
(0.01, 0.06)
(0.01, 0.04)
(0, 0.02)
(36.9, 2194.0)
(67.4, 4374)
(47.4, 2442)
(2900, 4500)
(2829, 6117)
(0.02, 0.4)
(0.14, 0.5)
(0.01, 0.16)

Temperature
Mean
Range
27.97
5.01
0.65
0.24
0.91
0.15
0.50
2023.42
0.02
212.97
851.08
0.02
0.02
0.01
651.23
1502.33
521.09
3930.33
4649.39
0.11
0.24
0.04
12.58

(24.22, 31.25)
(0.1, 12.68)
(0.43, 0.82)
(0.16, 0.53)
(0.54, 1)
(0.07, 0.39)
(0.04, 1)
(116.6, 4480.4)
(0.01, 0.02)
(114.3, 333.2)
(33.0, 1602)
(0.01, 0.06)
(0.01, 0.05)
(0, 0.02)
(37.5, 1442.0)
(70.5, 2919)
(−26.39, 1561)
(2900, 4500)
(2829, 5624)
(−0.01, 0.28)
(−0.06, 0.49)
(−0.01, 0.16)

able impact on fish growth. The modeled silver perch
grew 12 g during the simulation period when water
temperatures were increased by 1°C. This result is
approximately 55% of the growth achieved using the
2010 temperatures in the calibrated model. Because
we did not vary input of any other parameters (and
used the optimized values of p averaging 0.65), this
reduction in growth is directly tied to increased
metabolic demands, as realized through the temperature dependence components of the consumption
and respiration equations (Eqs. 2 & 9). The summarized means and ranges for all model components are
compared to the base model and the calibrated
model in Table 3. If we assume the calibrated model
is an ideal growth model for silver perch under field
conditions, a fish would have to consume an additional 10% d−1 to obtain similar growth to that
observed under the 2010 temperature scenario.

Abundance estimates
GAM was an appropriate approach for modeling
silver perch abundance, given the overall domeshape in the response. The non-parametric smoothers

Mar Ecol Prog Ser 523: 157–174, 2015

168

Table 4. Model output from silver perch abundance estimates (NM2 = no. m−2) using generalized additive models (GAMs). The
best model, using Akaike’s information criterion (AIC) scores, was the model with day of the year (DOY) and dissolved oxygen
(DO). Deviance explained is similar to r2 and GCV score is the value of the generalized cross validation procedure, which is a
leave-one-out fitting method for assessing model fit
Model

Form

Deviance explained (%)

AIC

GCV Score

GAM.1
GAM.2
GAM.3
GAM.4
GAM.5

log.NM2 ~ s (DOY) + factor(Site) + s (Temp) + s (Sal) + s (DO)
log.NM2 ~ s (DOY) + s (Temp) + s (Sal) + s(DO)
log.NM2 ~ s (DOY) + s (Temp) + s (DO)
log.NM2 ~ s (DOY) + s (DO)
log.NM2 ~ s (DOY)

74.0
73.9
73.0
72.9
68.9

557.0
556.2
555.4
554.2
567.0

1.15
1.16
1.14
1.13
1.20

allowed for good model fit with high explained deviance (over 65% for all models), low GCV scores,
and low residual variance. We compared 5 candidate
models using AIC, and the best fitting model included
the smoothed date and dissolved oxygen terms
(Table 4). This model explained 73% of the variation
in the data and the resulting fit represents the overall
pattern in abundance, with a peak in the middle of the
dataset (early July) followed by a decline (Fig. 5). All
models were similar in AIC scores; when terms were
dropped in sequence from the full model, fit improved
marginally. Site was the least significant factor in the
full model. DOY was the most influential predictor,
with the shape of the smoothed fit very similar to the
full model. While overall the model fit the data well,
peak abundance was not fully captured, so our predicted abundances are likely underestimates.

the growth of individuals and the high numbers of
fish during this time period. Using the confidence
interval from the error analysis, peak biomass
occurred around DOY 215 (the first week of August)
and was estimated to be 0.56 g m−2, with a range of
0.47 to 0.76 g m−2 (Fig. 6). The total production of one
cohort of silver perch from a growing season was
estimated to be 22.9 g m−2, with a range of 19.5 to
29.5 g m−2, when e = 1. When gear efficiency was
considered (e = 0.25), production was 91.5 g m−2
(range of 77.8 to 117.8 g m−2) for the single cohort followed through time.
Using the catch curve analysis, Z during the model
period was estimated to be 0.054 for YOY silver
perch, with lower and upper confidence limits of 0.03
and 0.08. This value reflects mortality of fish expressly in seagrass habitats, where main predators
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Fig. 5. Estimate of silver perch abundance in lower Chesapeake Bay from generalized additive model (GAM). Note
model and standard error (dashed lines)are fitted to logged
values of density

Fig. 6. Estimates of silver perch biomass using the growth
estimate from the bioenergetics model (black line, second yaxis) and abundance estimate from generalized additive
model (GAM) for density of fish (gray line, y-axis). The seasonal population biomass is shown as the thick dashed black
line, peaking shortly after maximum abundance and declining towards the end of the summer season. Thin dashed
lines: naïve 95% confidence intervals, with error of 20% CV
added to the growth model. Units for the estimated biomass
curve are g m−2

Weight (g)

0.6
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Estimated biomass followed the same general form
as the abundance estimates (Fig. 6). Peak biomass
occurred after peak abundance, taking into account
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are likely to be birds and larger piscivores foraging
on high tides. Given this high mortality, the overall
rapid decline in biomass coincides with declining
abundances, despite the increase in individual fish
size during later time periods.
We estimated the area surveyed at the Goodwin
Island site to be approximately 13.75 ha. We used this
area as the total area surveyed multiplied by the
catch (g m−2) to arrive at overall production of
12 600 kg of silver perch in the 2010 growing season
from one representative seagrass site (this value uses
the total production based on e = 0.25). Given about
8100 ha of seagrass in lower Chesapeake Bay in 2010
(Orth et al. 2013), the production of silver perch
throughout the lower Bay was estimated to be 7415 t
(range = 6305 to 9542 t) for 2010. For reference, the
average commercial fishery landings of Atlantic
croaker for Virginia over the last decade were
approximately 5000 t yr−1 (ASMFC 2014).

DISCUSSION
The use of field-collected abundance data in combination with an individual-based bioenergetics model
allowed us to model production of silver perch in a
representative seagrass habitat in lower Chesapeake
Bay. While the field data supported both abundance
estimates and calibration of the growth model, the inclusion of the bioenergetics model in the analysis provided further confidence in defining growth in a species that is known to spawn repeatedly, resulting in
collection of multiple cohorts in any given sample.
While we confined our analyses to the growing season
(summer months), our estimates of production could
be considered annual estimates from this habitat type,
as fish migrate out of these habitats in early fall.

Bioenergetics model
Our bioenergetics model expressed realistic silver
perch growth relative to our field data and resulted in
rates for each model sub-equation that were comparable to those observed for similar species in this
region. The minimal changes to the proportionality
constant required for the base model to agree with
the field-generated growth rate was indicative of
robust model parameter starting values. Model development in conjunction with field data afforded
higher confidence in growth estimates.
Previous analyses have indicated that functions
describing the effect of body mass and temperature
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on maximum consumption and respiration contain
the most sensitive parameters in the bioenergetics
model (Bartell et al. 1986). While the available lab
data did not measure consumption or respiration at
the full range of temperatures experienced by fish
during our field study, using available data on lethal
limits (Pattillo et al. 1997), respiration rates for other
species (Wuenschel et al. 2004, Horodysky et al.
2011), and other bioenergetics analyses (Hartman &
Brandt 1995a,b, Stevens et al. 2006, Nye 2008), the
parameter values we used appeared sufficient to produce realistic growth. By using the metabolic rates
from lab studies on silver perch (Brooks 1985) and
comparing them to more recent lab data from sympatric sciaenid species (Horodysky et al. 2011), the
values used in the model gave expected estimations
for loss due to respiration. The resting metabolism of
silver perch as measured by Brooks (1985) is intermediate between that of spot and Atlantic croaker
(Horodysky et al. 2011). Spot and Atlantic croaker
metabolisms were similar to those of other sciaenids,
with the exception of Menticirrhus spp. (Horodysky
et al. 2011), and as such, it appears silver perch has a
metabolic rate characteristic of other Chesapeake
Bay sciaenids.
In addition to the model parameters evaluated
through the sensitivity analysis, exploratory analyses
related to model development revealed prey energy
densities to be influential to the modeled growth. In
fishes with diverse and changing diets, such as juvenile silver perch, prey energy density values can
have an effect on estimated growth, especially where
diets change with habitat or ontogeny. More realistic
model fit (when compared to field data) was observed when prey energy densities were based upon
actual diets than when a general value (e.g. constant
4000 J g−1) was used. Bartell et al. (1986) found that
variations in diet input were not influential in model
performance. However, that study did not specifically evaluate juvenile fishes, where diets change
with ontogeny. Other modelers have shown large differences in many model parameters between juvenile and adult fishes (Kitchell et al. 1977, Hartman &
Brandt 1995a, Koehler et al. 2006, Wuenschel et al.
2006), and adjusting prey energy densities to account
for changing diets seems necessary to produce realistic growth in rapidly growing fishes.
Among the sizes of silver perch we collected in the
field, the dominant prey item was mysid shrimp. We
found reported energy density values for mysids to
range from 2927 to 4868 J g−1 (Cummins & Wuycheck
1971, Lasenby 1971, Hanson et al. 1997, J. McIntyre
unpubl. data). We used a value of 4000 J g−1 for prey
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energy density for 40 to 90 mm fish, which primarily
ate mysid shrimp. The main species found in silver
perch diets was Americamysis bigelowi, a mysid
found in shallow vegetated habitats, with Neomysis
americana, a more broadly distributed mysid in
Chesapeake Bay, also common; energy densities for
these 2 species were not found in the literature. We
also found that fish in our study preferentially consumed mysids until a larger size than previously
reported (Chao & Musick 1977, Waggy et al. 2007).
Lankford & Targett (1997) showed that mysids were
a preferred prey for weakfish due to their postconsumptive handling efficiency, which may be one
reason why they are a preferred prey of silver perch,
especially during periods of high fish abundance,
where density-dependent prey limitation of larger
crustaceans (e.g. sand shrimp Crangon septempinosa) could be occurring. The time of occupancy of
silver perch in seagrass beds coincides with a period
of high production, but very little abundance or density data exist for mysids in these habitats. Given the
prevalence of mysids in the diet over the growing
season, understanding the population dynamics of
this group would be useful for better understanding
trophodynamics of silver perch, as well as many
other YOY Chesapeake Bay fishes.
Other studies of juvenile sciaenid rearing have
shown that estuarine growth rates were dependent
upon environmental conditions, such as water temperature and time of settlement (Lankford & Targett
1994, Lanier & Scharf 2007). In fact, water temperature has been cited as the single most important factor controlling fish growth (Fry 1971). With the availability of daily temperature data in close proximity to
our field sites, and the collection of water quality data
coincident with fish collection, we had high confidence in the thermal regime experienced by the
fishes in this study. Because both the consumption
and respiration terms are temperature dependent,
having an accurate picture of thermal regime improved our ability to accurately estimate growth.
Additionally, the temperatures experienced by fish in
our study were within a small range of temperatures
generally preferred by silver perch. Even so, our
application of the bioenergetics model for the temperature manipulation/sensitivity analysis illustrated
the effect that a 1°C temperature change can have,
even within the preferred temperature range. While
a consistent increase in temperature is likely to affect
the entire food web, it is worth understanding the
impacts to individual species, especially when they
occur in high abundance during discrete time periods, as silver perch does.

Growth and consumption
Reported growth rates for YOY silver perch are
variable. Killam et al. (1992) reported growth rates of
7 to 22 mm mo−1 from Tampa Bay; other estimates
from the Atlantic Ocean were slightly higher at 10 to
30 mm mo−1 (de Sylva et al. 1962, Chao & Musick
1977). With estimated growth of 23.2 g over the 122 d
simulation period, the mean growth rate in this study
was approximately 0.19 g d−1 (5.7 g mo−1), which
equates to 0.9 mm d−1 or 27 mm mo−1. This value is at
the high end of reported values, although similar to
what Chao & Musick (1977) found based on histograms, for the same region. Daily growth rates for
spot in North Carolina tidal marshes were reported to
be approximately 0.03 g g−1 d−1 (Currin et al. 1984
and references therein); this is slightly lower than our
estimate for silver perch, which was 0.05 g g−1 d−1
(averaged over model period). This higher growth
could be attributable to more favorable estuarine
rearing conditions during our study or improved
growth estimates resulting from the combination of
field observations and the bioenergetics model.
While our field-based estimate of growth was imprecise due to the potential for sequential spawning and
variance associated with individual growth rates as
time progressed (Fuiman et al. 2005), the fitted bioenergetics model did seem to estimate realistic and
comparable growth rates for this species.
Overall, the estimated consumption of 93 g over the
122 d simulation period is similar to what was estimated for other YOY fish in Chesapeake Bay. Hartman & Brandt (1995b) estimated that an individual
YOY striped bass consumed 142 g of prey annually,
while a YOY weakfish consumed 54 g to 296 g in a
year. Our value of 93 g fits with these other values,
especially since it represents the season of maximum
consumption for a species with a much smaller maximum size than either striped bass or weakfish. A
decrease in water temperature associated with
movement to deeper habitats would lower metabolism and reduce caloric demand for the fish.

Abundance and production
While fitting statistical models to the size data
resulted in several forms with reasonably good fits,
only GAM approaches adequately captured the relationships in the abundance data. During model
exploration, we fit generalized linear models to the
data, but these models could not account for the
declining trend towards the latter part of the season.
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The addition of the non-parametric smoother for the
DOY factor helped achieve a good model fit with a
high degree of explained error. It was somewhat surprising that dissolved oxygen contributed to explained error in the best model. In early exploratory
data analyses, coplots and biplots of this factor and
the response variable did not show any obvious relationship. However, the smoothed function showed a
dip in abundance below 5 mg l−1. This factor contributed to explaining variance in the response, as
evidenced by the increased AIC score with date
alone. While low dissolved oxygen was not commonly observed in seagrass habitats during this
study, we note that silver perch abundances appeared to be lower with reduced dissolved oxygen.
This response has been shown for many species
(Kramer 1987, Breitburg 1994).
Estimates of abundance showed a peak during
early July, with decreasing numbers thereafter, most
likely due to high predation mortality but also possibly due to emigration. While 2 sites (Goodwin Island
and Pepper Creek) had very high abundances during
early July, the Browns Bay site did not. The bi-weekly
sampling may not have captured peak recruitment at
this site, or perhaps habitat quality was not as high,
and thus fewer silver perch used that area for rearing.
The densities we observed at peak recruitment were
similar to those observed in other systems. During
peak settlement in a Texas seagrass meadow, mean
densities of silver perch ranged from 0.04 to 2.6 fish
m−2, depending upon habitat type (Rooker et al.
1998). Although the seagrass species (Halodule
wrightii, Thalassia testudinum) were different than
those in lower Chesapeake Bay, this study provides a
reference of approximate density. Our model-estimated value of 0.2 fish m−2 and raw data value of 0.9
fish m−2 both fall within the range observed by
Rooker et al. (1998). Additional sampling during periods of peak abundance may have aided in determining whether the high abundances we observed were
widespread and persistent or if our samples were
taken through a locally dense patch.
Along with the likely underestimate produced by
the GAM, our overall biomass estimate is also quite
likely an underestimate even when accounting for
gear inefficiencies. As with other trawl surveys, it is
probable that our sample was not representative of
the actual available biomass due to sampling error,
net evasion, etc., and with the absence of survey-specific efficiency estimates, the applied efficiency of
0.25 from Kjelson & Johnson (1978) is our best estimate. Our study sites were very shallow (on the order
of 1.5 to 2.0 m at high tide) and the otter trawl used
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likely captured much of the water column at the time
of sampling. While many gear types for collecting
nekton have been shown to be problematic in vegetation (Rozas & Minello 1997), with the correction for
gear inefficiency, our estimates were improved. The
bottom trawl is commonly used and is a logistically
efficient means for collection, although our abundance and overall production estimates should be
viewed as minimums given known inefficiencies for
this gear type.
To our knowledge, mortality rates have not been
reported from this region for silver perch. Our daily
instantaneous rate of 0.05 (range of 0.03 to 0.08) is
high even for YOY fishes, which are known to have
very high mortality (M. Smith & J. Hoenig pers.
comm.). However, the mortality rates for juvenile
spot and Atlantic croaker in tidal marshes were estimated as 0.03 and 0.02 d−1, respectively (Weinstein &
Walters 1981, Currin et al. 1984), so our findings are
similar. Currin et al. (1984) attributed mortality
mainly to predation, with cold winter temperatures
as an additional source of loss. Improved estimates of
YOY mortality would enhance our production model.
At the outset of this study, we aimed to measure survival (and growth) of silver perch using a mark−
recapture study. We attempted mark−recapture
studies in 2010 and 2011, but did not recapture a significant number of fish in either year to utilize the
proposed statistical models for estimating survival.
Unlike tidal channel systems, our seagrass study site
was open, perhaps allowing the fish to more readily
emigrate. In addition, the summer of 2010 was very
warm, with water temperatures above 30°C on consecutive days. While eelgrass typically dies back in
the summer before resuming growth in the fall, during this year there was a large-scale die-off of plants
in July, leading to reduced structural habitat
(R. J. Orth & K. L. Sobocinski pers. obs.). This coincided with a drastic reduction in silver perch abundance, which likely included many of the animals
that were tagged.
Production from various habitat types is of interest
to natural resource and fisheries managers tasked
with conservation and management (NMFS 2010).
Our overall production estimate of 22.9 g m−2 (when
e = 1) compares favorably with estimates of spot production from a North Carolina tidal marsh of 0.25 to
7.5 g m−2 (Currin et al. 1984). Although the silver
perch production estimate presented here is higher,
spot are known to make use of more habitat types as
juveniles (Orth & Heck 1980, Heck & Thoman 1984,
Rooker et al. 1998), potentially lessening the contribution from any one habitat.
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Although we urge caution when interpreting the
overall lower Chesapeake Bay production estimates
of 7415 t, as differences in production between eastern and western shores of the Bay have been observed for other species (Smith et al. 2008), this value
is quite likely an underestimate as it represents production of only 1 cohort — albeit the largest cohort
we observed in our field collections — through time.
As sequential spawners, it is likely that the actual
production of silver perch is 5- to 10-fold higher,
based on our field observations of the duration of
recruits in the system (from June through mid August). The values presented here express the potential biomass transfer of this known seagrass-rearing
species which, as we have shown, is substantial. The
maximum size of an individual adult silver perch in
Chesapeake Bay is approximately 30 cm (Murdy et
al. 1997); thus, this species holds little commercial or
recreational interest except as bait. However, given
its considerable production and standing stock biomass during mid- to late-summer in lower Chesapeake Bay, it represents an important trophic link
between primary consumers and piscivores. Additionally, strong habitat affinity to seagrass beds during the juvenile stage provides a direct link between
these shallow-water systems and deeper Bay waters.
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